We propose an empirical method for improving food assistance scoring and targeting, which minimizes under-coverage and leakage of food and cash assistance programs. The empirical strategy relies on a joint econometric estimation of food insecurity and economic vulnerability indicators at the household level, using data-driven instead of predetermined quantiles. We applied the method to recent micro data on Syrian refugees in Lebanon, to explore how regional and community-based aggregates can improve the targeting effectiveness of aid programs, notably food aid by the World Food Program in Lebanon. Our results confirm that using regional aggregates are useful for augmenting the Balanced Poverty Accuracy Criterion, and our method performs much better than the current policy in terms of targeting effectiveness and accuracy for economically vulnerable households.
Introduction
A major challenge of food policy consists of targeting, in a cost-effective way, poor households that may be both food insecure and economically vulnerable. Efficient targeting would, in particular, succeed in limiting under-coverage and leakage of food cash assistance programs. When dealing with households' status of food security and economic welfare as the target of aid policies, it is important to distinguish between the concept of vulnerability and the one of insecurity. In general, (economic) vulnerability is a measure of the risk a household may drop below some welfare measure (usually, the poverty line), while (food) insecurity indicates a current status of the household, regarding food access and consumption (see Dercon 2006) .
The main objective of this paper is to derive an empirical method for improving food assistance scoring and targeting systems in situations of budget limitations, which can be used by decision makers and analysts. More precisely, we suggest a data-driven method for targeting food insecure households, using both household and community-level indicators of food security and welfare. Our empirical strategy explores how different levels of information on households and administrative (district) average characteristics can be used to reduce under-coverage and leakage of food cash assistance programs, in order to increase the performance of the food aid system in targeting poor households. Such empirical strategy relies on a robust, joint estimation of food insecurity and economic vulnerability indicators at the household level, using data-driven instead of predetermined quantiles.
We consider the World Food Programme's (WFP) food assistance system in Lebanon and analyze its scoring and targeting system for Syrian refugees in that country. Six years into the Syrian crisis, Lebanon hosts just over 1 million Syrian refugees, who are registered with the office of the United Nations High Commissioner for Refugees (UNHCR), about 50% of whom are under 15 years of age (World Food Programme 2016) . Sequential surveys conducted by United Nations agencies have consistently found a large share of Syrian refugees in Lebanon to be living below the poverty line (71% in 2016), to experience some level of food insecurity and to be adopting coping strategies that involve the depletion of assets and incurring of debt to cover food, health and rental expenses (World Food Programme 2016) . In response, various humanitarian agencies have established multi-purpose cash assistance programs, in addition to cash-based food assistance and in-kind food assistance targeting vulnerable households.
We used original and unique data for our statistical and econometric analysis on micro data collected from refugee households to evaluate the determinants of food insecurity and economic vulnerability. We investigated the empirical relationship between food insecurity and economic vulnerability at the household level by estimating a structural system of simultaneous ordered Probit equations for both indicators.
The empirical methodology is based on a multi indicator system (proxy means, a point or a scoring system), which contains observable (and easy to verify) household characteristics. This system, devised through statistical analysis, allows prediction of food insecurity scores for the already sampled and remaining refugee population within a well-defined margin of error that reduces targeting inclusion and exclusion errors. This would prove useful in first analyzing the current food security status and the targeting mechanism of refugees using all available data. Second, introducing a model to identify refugee households' food security status allowing better targeting of the most vulnerable households, with observable exogenous indicators most closely correlated with food insecurity. Last, identifying key observable indicators, which could help in-depth monitoring through follow-up visits.
As described in a survey of food security by Barrett (2002) , Beffective targeting is fundamental to food aid policy (FAP) design and evaluation, particularly in today's era of shrinking FAP budgets as a proportion of government spending or gross domestic product (p. 58)^. The purpose of cost-effective targeting is to reduce leakage to unintended beneficiaries and to maximize the proportion of poor households effectively participating in the program (Borjas 2004) . The literature on targeting categories of populations is mostly dedicated to poverty alleviation policies and access to natural resources and energy (water utilities, etc.) . Many papers have examined the performance of food stamp programs (in developing countries and mostly in the United States) when the poverty status of households is costly to verify and administrative costs may reduce the amount of resources allocated to the poverty intervention (Wilde and Nord 2005; Barrett 2002 ; Kanbur 1988, 1993; Hyman et al. 2005) . When reliable data on household income are difficult to obtain, proxy means test can be considered from a variety of instruments observed with low cost, assumed correlated with household welfare and difficult to modify by households (Clay et al. 1999; Sen 1995; IRIS Center 2005; Glewwe 1992 ). Moreover, even though poor household registration and regular re-certification procedures may increase administrative costs dramatically in the short run, their impact on improving targeting is likely to be visible in the longer run. Benfield (2007) considered indicators that may improve the performance of a food-stamp policy in Jamaica through better targeting by minimizing Type-I and Type-II errors. The paper confirms that a policy based on additional indicators, e.g., on housing conditions and durable goods, may perform better in targeting the poor. Another stream in the literature concerns spatial patterns of poverty and implications for food policies of the spatial distribution of poor households in poor/non-poor geographical areas (Minot and Baulch 2005; Kam et al. 2005; Amarasinghe et al. 2005; Elbers et al. 2007; Jaynes et al. 2001; Agostini and Brown 2011) . Indeed, among the many factors that explain that targeting may not be cost-effective, there is the possibility that the target group is a spatially dispersed proportion of the general population (Barrett 2002) . Barrett (2002) distinguishes between ICAT (Indicator-Contingent Administrative Targeting) and self-targeting programs, the former relying on screening based on various food security indicators (including income and nutritional status) to determine program eligibility of households. By contrast, self-targeting is designed so that only intended beneficiaries participate on a voluntary basis, with asymmetric information issues partly solved through some cost component or a reduction in quality of the good or service. Some empirical research suggests that easy-to-collect indicators such as dependency ratio, rooms per capita, etc. can be fairly effective in identifying food-insecure households with some degree of cost savings Chung et al. 1997; Miller et al. 2011; Lipton and Ravallion 1995) . See, e.g., Jaynes et al. (2001) for shortcomings and caveats of such indicator-based targeting strategies.
The rest of the paper is organized as follows: Section 2 details the materials and methods (theoretical and empirical methodologies) we employed throughout the analysis. This includes the description of the datasets and variables used in our empirical application, and the empirical strategy. In particular, the specification of the simultaneous ordered Probit system of equations for food insecurity and economic vulnerability is presented in detail. Section 3 presents the estimation results from the structural system of equations, and the performance of our empirical method in terms of targeting accuracy and effectiveness. Such performance analysis entails a comparison of coverage and under-coverage of poor households, leakage and targeting differential associated with various specifications, including community-level and regional aggregates. Finally, concluding remarks are in Section 4.
Materials and methods

Theoretical model
As discussed above, better targeting of poor households may help to attain the objective of poverty alleviation at lower costs, but policy makers are faced with the prohibitive costs associated with the identification of households below the poverty line. The trade-off therefore involves monitoring costs on the one hand, and policy leakage (to non-poor households) on the other, with the general objective of increasing welfare of food insecure and/or economically vulnerable households. To formalize the terms of the trade-off, we introduce a simple model that represents the targeting issue in a stylized food policy.
Consider a food-aid planner whose objective is to target poor households with a given cash transfer denoted A (per HH), from a total population of size (N, known). The unit administrative cost of transferring A to a household is denoted τ, the proportion of poor (non-poor) households in the total population is β P (respectively, β NP ). Let p 1 (α) and p 2 (α) respectively denote the probability of under-coverage (not targeting a poor household) and leakage (targeting a nonpoor household), which depend on the effort of collecting and treating information on households, denoted α. The cost of effort is F(α) and we assume dp 1 α ð Þ dα ≤ 0; dp
For a given level of effort α, the social planner wishes to obtain a particular level of targeting and, therefore, a given level of social welfare as an outcome. We assume the social planner solves this problem by determining both the optimal for effort (α) and the level of cash transfer (A).
There are several options the social planner can, in theory, choose from to determine the optimal food policy. A first option for the social planner is to define a proportion of the population to be assisted, say, β P , and then solves for the optimal level of targeting effort jointly with the unit level of cash transfer. Note that in such a case, targeting is meaningful, at least in the sense defined above, that is, identifying poor households to receive aid. When such an option is selected, households are simply ranked by increasing order of income or wealth and the first N β P receive assistance.
A second possibility is that the social planner determines the optimum level of aid per household (i.e., the monetary level of cash transfer) by dividing total budget by the number of poor households,
i.e., accounting for administrative costs. In this case, the minimization problem becomes, after substituting for A * and
which gives A third possibility is that the social planner first determines exogenously the cash transfer that corresponds to a minimum level of food expenditure to ensure food security. For example, some minimum expenditure level can be computed given local prices, based on requirements for food and nutrient intake provided by international standards. More precisely, the social planner would equate direct and indirect utility levels
where V(.) and U(.) are indirect (Hicksian) and direct (Marshallian) utility functions respectively, p is the vector of market prices faced by households, y is exogenous income (not depending on cash transfers) and FS is the level of food expenditure to guarantee food security. Solving for cash transfer in the equation above allows the social planner to determine the optimal level of transfer to reach food security, denoted A * , given available income and price levels. Then, in a second stage, the social planner solves the following program:
such that C ≤ B (total budget available). We have
In other words, the optimal level of effort to obtain information about food insecurity through, e.g., additional surveys, is determined when the marginal cost of such effort (on the LHS) equals the marginal benefits of effort in terms of better targeting (on the RHS). Such benefits are a weighted sum of marginal effects (with respect to targeting effort) in undercoverage and leakage probabilities, where the weight is the ratio of the non-poor over the poor proportion of households in the total population. Under such constraint, given a predetermined level of cash transfer per household, the policy maker determines the optimal level of targeting that ultimately determines the proportion of poor households to be provided with assistance.
This last policy corresponds to the one employed in practice in our application, and we will consider it in the rest of the paper.
When the level of effort tends to infinity, we expect both policy under-coverage and leakage to tend to zero, so that the total cost of the targeting policy would converge to
This would violate the condition that C ≤ B if F(α) is large enough. However, a trade-off can be determined by solving the above problem, for a limited budget and expected gains from targeting. In practice, it is essential to be able to identify effective gains from targeting poor households, and compare them with the cost of effort associated with data collection on households. This is achieved by sampling over the target population to estimate the proportion of poor households therein, providing an estimate for β P . When the sample includes households benefiting from cash transfers as well, then the probabilities of under-coverage and leakage can also be estimated. The empirical analysis of the present paper proposes a system of targeting equations that serve such a purpose by illustrating the way increasing information on households can increase the performance of targeting policies, by reducing probabilities p 1 (α) and p 2 (α). To make the connection between the above model and our application, we assume a direct relationship between targeting effort and information collected on the population of households. As information increases through (costly) repeated surveys, the precision on coverage and leakage probabilities also increase in a way limited by the trade-off discussed, until the marginal benefit of targeting effort equals its marginal cost.
Empirical methodology
In this paper we are interested in analyzing the targeting effectiveness of cash transfers with respect to two variables: food insecurity and economic vulnerability. As will be shown below, both dependent variables are discrete ordered, and they are interlinked. This requires a specific empirical estimation strategy, which is detailed here.
Instead of specifying a reduced-form system of equations in which both indicators would appear dependent upon the same set of socio-economic explanatory variables, we consider instead a structural specification where food insecurity depends on economic vulnerability as well. The argument behind such specification is that it provides a simple way to disentangle the effect of socio-economic drivers of food insecurity from the ones (possible in common) that condition welfare and economic vulnerability. Moreover, with such representation, it is straightforward to simulate the impact of a change in income following, e.g., a decrease in the cash transfer, and its impact on the food insecurity indicator. In any case, the recursive representation at the household level is consistent with the evidence that, even though identical socioeconomic determinants may jointly explain food insecurity and economic vulnerability, the former is also determined by the level of economic welfare.
Let i, i = 1,2,…, N, denote the household index and consider the general simultaneous-equation model:
where y * 1i and y * 2i are two (continuous) latent variables that can be defined as measures of welfare related to income and food respectively. They are associated with two observed simultaneous welfare levels (respectively, food insecurity and economic vulnerability) and are assumed to be positive when corresponding levels are observed. Vectors of explanatory variables x 1i and x 2i may have some common components, u 1i and u 2i are random variables with a correlation coefficient between denoted ρ (assumed constant). We assume the following exogeneity restrictions apply:
Both latent variables typically lie in the real line, as both food insecurity and economic vulnerability levels may be normalized to correspond to a set of non-overlapping intervals with negative and positive values. Let
In the dataset we observe ordered dependent variables:
From the structural system of Eq. (1), we have:
where Φ 2 (⋅, ⋅ , ⋅) is the bivariate standard normal cumulative distribution function, and (2) can be evaluated for any pair of outcomes (j, k) and all contributions of the sort are used to construct the log-likelihood of the sample, to obtain consistent Maximum Likelihood estimates of the bivariate ordered Probit (see Sajaia 2007) .
estimated together with parameters (β 1 , β 2 , γ, ρ), but intercept terms δ 1 and δ 2 are not identified (in fact, cut offs are identified up to a constant term). Parameters in (1) are only identified if we impose exclusion restrictions, that is, at least one variable in x 1i should be excluded from x 2i . An interesting candidate for such exclusion is an exogenous variable that determines economic vulnerability but not food insecurity (such as the particular assets possessed by the household, as in the application). Our model specification has economic vulnerability y * 1 as an explanatory variable in the equation for food insecurity and this variable is endogenous by construction. If error terms u 1 and u 2 are correlated (ρ ≠ 0), it implies that y * 1i is correlated with u 2i , and the second equation in the system (1) cannot be estimated independently. In our empirical analysis of joint estimation of food insecurity and economic vulnerability, this endogeneity issue is essential to avoid simultaneity bias in parameter estimates.
To test for the endogeneity of y * 1i in the equation for y * 2i , we estimated the structural system of equations by bivariate (ordered) Probit and the Full Information Maximum Likelihood (FIML) method. We then used a Wald Test of γ = 0 in the second one, see Sajaia (2007) . Note that we do not consider, for the sake of space limitation, an alternative estimation method that would consider a bivariate ordered Probit applied to the reduced form of the system of equations. Even though such specification could be considered to provide us with consistent parameter estimates (as long as exogeneity of y * 2 in the sense defined above is rejected), we are able to obtain structural parameter estimates directly by FIML with the bivariate ordered Probit procedure.
The log-likelihood function over N observations is
if observations are identically and independently distributed. This may not be the case, in particular when unobserved random effects come in addition to random errors u 1 and u 2 . A possibility in this case is to specify the joint distribution of such effects and to integrate them out from the following loglikelihood:
where π is the vector of structural parameters, u is the vector of random effects with joint distribution defined by the density function ϕ(u| μ u , Σ u ). Such integral can be approximated by Gauss-Hermite quadrature, see, e.g., Rabe-Hesketh et al. (2005) and Skrondal and Rabe-Hesketh (2004) . We now describe the main data sets used by WFP for targeting, as well as the ones we use in the paper to construct our food security and welfare indicators.
Main datasets used
To deal with an ever-increasing number of refugees reaching Lebanon from the Syrian border, international organization such as the WFP, the United Nations Children's Fund (UNICEF), and the UNHCR in Lebanon initiated the yearly Vulnerability Assessment on Syrian Refugees (VASyR), for programmatic purposes (UNHCR, UNICEF and WFP 2015) . It aims to construct eligibility criteria for targeting beneficiaries using individual data from refugee surveys containing both observed and self-reported variables. Based on VASyR, WFP in Lebanon developed a vulnerability scoring system dedicated to household targeting (see Drummond et al. 2015) . Household vulnerability is generally defined as the likelihood of a household to not cover basic needs of all members without engaging in irreversible coping strategies due to a lack of financial resources (World Food Program 2016) . In this regard, it is a measure of the risk of moving to a less favorable status, and it needs to be distinguished from the food security status of the household (a current state that may be affected by factors external or internal to the household). This distinction is important to recall here, because the Bvulnerability^as-sessment of VASyR includes both economic vulnerability and food security dimensions, as discussed below, whereas our empirical analysis is directed towards two indicators only: food insecurity and economic vulnerability. Eligibility criteria in the formula used by the WFP include indicators of food security and economic vulnerability, as well as self-reported coverage of household basic needs. Eight sector-specific vulnerabilities are included in the WFP vulnerability scoring system, including food security, economic vulnerability, education, health, non-food items, protection, shelter, etc. A household is classified into one of four vulnerability categories according to each of these eight sectors, and the sector scores are then summed to produce a global vulnerability score comprised of five vulnerability categories: low, mild, moderate, high and severe.
The main datasets used in our paper are detailed below:
VASyR 2015
The VASyR 2015 (Vulnerability Assessment on Syrian Refugees) is a nationally representative two-stage cluster survey of Syrian refugees living in Lebanon (see World Food Program 2016), conducted in May-June 2015 and includes around 4100 households for an estimated 21,300 individuals. VASyR 2015 was used as the main data set to estimate and test improved food security and economic vulnerability indices. The data set was subject to data cleaning (duplicate observations, multiple heads of households, etc.) for a final sample size of 3850 households.
ProGres
The Profile Global Registration System (ProGres) is the main global database used by the UNHCR and the data provided include all registered refugees in Lebanon (about 1.05 million individuals in October 2015). Although valuable because of its size and the inclusion of key socioeconomic characteristics on refugees, the database does not contain variables measuring welfare. Although registration is only voluntary, due to immigration rules in hosting countries and UNHCR procedures and incentives to register, most refugees would register at some point in time.
The household is considered the main unit of measurement for the VASyR survey. It is defined by WFP as a group of people, who routinely eat out of the same pot, live in the same compound (or physical location), and share the same budget, managed by the head of household. In contrast, the Bcase^is used by UNHCR to register refugees in the ProGres data base and is defined as: BA processing unit similar to a family headed by a Principal Applicant. It comprises (biological and nonbiological) sons and daughters up to the age 18 (or 21) years, but also includes first degree family members emotionally and/or economically dependent and for whom a living on their own and whose ability to function independently in society/in the community and/or to pursue an occupation is not granted, and/or who require assistance from a caregiver.^1 WFP's targeting process starts from blanket coverage and then focuses on identifying and removing households and individuals who do not need food assistance according to a certain vulnerability threshold. UNHCR's targeting of its unconditional cash transfers moves in the opposite direction by focusing on identifying the refugees who are most in need of economic assistance, and then expanding coverage as resources allow and as needy cases are identified.
The WFP vulnerability scoring system is then applied on the households visited using the common multiagency questionnaire (over 90,000 households) and used for targeting purposes: households are excluded from assistance if they fall within the better off vulnerability categories (low, mild, moderate), and according to a combination of economic considerations and Multifunctional Team (MFT) revisions.
There are obvious limitations of the WFP vulnerability scoring system, including lengthy and expensive household visits and the fact that it includes over 50 variables, some of which are duplicated within the score, rendering it difficult to use as a desk formula. Finally, the formula includes both input and output variables, which would lead to endogeneity problems in a desk formula. For example, some of the variables used to calculate the WFP vulnerability score include the food consumption score and a coping strategies index both of which can be considered outcome variables for food security. The score also includes input variables such as dependency ratio, education, gender of the head of household, members with a disability amongst other input variables.
Appendix 1 details the derivation of the food security indicator, obtained through a fully data-driven procedure directly from individual surveys. The major advantage of our procedure is that empirical quantiles allow determining empirical values that do not depend on external standards that may be inconsistent with local conditions. Moreover, in designing our indicators, we carefully exclude variables likely to reflect decisions from households that may depend on other explanatory variables (the endogeneity problem, see below). Table 1 displays the proportion of households classified into five groups of vulnerability (regarding food insecurity), according to the index derived in Appendix 1.
Defining food insecurity by a gradient above 4, the proportion of food insecure households in the VASyR2015 sample is around 61%.
As for economic vulnerability, we consider a welfaredependent variable that proxies economic vulnerability, on a set of independent variables that are thought to determine the variation in the welfare aggregate. We adopt per capita expenditure as our welfare aggregate. Economic vulnerability is therefore measured through monthly expenditure per capita in USD. The expenditure aggregate is constructed by summing up 18 self-reported expenditure items from the VASyR questionnaire with a recall period of 30 days. The household aggregate is then divided over the number of household members. Following the approach used by UNHCR, the upper limit of the per capita expenditure aggregate was restricted to 250 USD to exclude most outliers. As for the food insecurity indicator, we construct an ordinal variable based on bootstrapped quantiles of the monthly expenditure per capita, with values from 1 to 9. Quantiles of economic vulnerability are reported in Table 2 , as monthly values in USD per capita, together with the corresponding number of households in the sample.
Model specification
Two targeting models are detailed below, ranging from the inclusion of ProGres only variables to appending community level indicators. Recall that in all model specifications, the equation for food insecurity contains the endogenous variable y 1 (economic vulnerability) as an explanatory variable.
The first specification with ProGres variables only does not require new data collection and uses variables already collected from refugees upon registration. The data are also updated on a regular basis by UNHCR. For this first model specification, the sets of explanatory variables are where HHshares contains empirical proportions of household members related to age, gender, employment and disability status, and education level of the head of household (HOH). Variable homogeneous is introduced to capture the influence of the density of refugees from the same district of origin (in Syria) and living now in the same district (in Lebanon) as the considered household. It is computed as a proportion as well, using the information from ProGres on places of origin and current residence. To capture the role of having a means of communication, we included a dummy variable Access_Phone, equal to 1 if the household has positive expenditures on cell (GSM) or land-line phone(s). The possession by the household of appliances (or other household durable goods) with a significant market value (in case of sale on a local market) is captured by the variable valuable assets. As it is assumed to influence only economic vulnerability and not food insecurity, it does not include appliances that can be used for home cooking, and is not included in the list of variables x 2 .
The second specification includes community-specific averages at the district level, including access to drinking water, sanitation status, crowdedness index, share of (as well as of heads of) households with chronic disease, share of households receiving medical care.
The list of variables and indicators included in the targeting models is included in the tables below. They include household (HH) characteristics, shares of members with certain characteristics, housing conditions, location characteristics and other socio-demographic indicators. Variables are either available in VASyR 2015 only or in both VASyR 2015 and ProGres. Community level indicators have also been calculated based on VASyR 2015 variables and are appended to the corresponding cases in ProGres. For example, the share of HH living in crowded conditions was calculated for each of the 26 districts using the VASyR 2015 data set. The calculated share was then appended to each case in ProGres by corresponding district. Even though the variables needed to calculate 
Results
Estimation results
We now present estimation results for our model specifications with increasing information used to represent simultaneously food insecurity and economic vulnerability: model (I) with ProGres variables only, and model (II) adding districtlevel indicators. For each model considered, random effects at district level are accounted for, as described above, to evaluate the log-likelihood function of the bivariate ordered Probit. Parameter estimates are presented in Table 4 . To interpret correctly the sign of the effect of a given explanatory variable, it has to be remembered that a higher value of the dependent variable percap_exp_quant corresponds to a lower economic vulnerability, while a higher value of the variable fsgradient is associated with a higher degree of food insecurity.
In both model specifications, the exogeneity assumption for economic vulnerability in the equation of food insecurity is strongly rejected, with a p-value of the Wald test less than 0.001 in all cases. The level of economic welfare (as measured by the empirical quantile of household expenditures per head) is negative and significant in all specifications for food insecurity, which was expected. The null hypothesis of nocorrelation between random terms in the system of equations (food insecurity and economic vulnerability), given covariates and under the random effect specification, is rejected at the 5% level of confidence for model specification (II) (with district variables) but is not rejected for model specification (I).
The household size is strongly significant and it has a negative effect in all model specifications for both equations, and it is decreasing and convex in specifications (I) and (II) for Table 12 for list of variables. t-statistics are in parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01. ρ is the correlation coefficient between both equations; LR is the Likelihood Ratio test (distributed as a χ 2 (1) under the null assumption of independence) economic vulnerability, while HHsize2 is significant only at the 10% level for food insecurity and specification (II). All else being equal, a larger size of household decreases per head expenditures and it also increases food security. A possible explanation for such finding is that there are economies of scale in food consumption within the household (less food per head for larger households, resulting in a lower food insecurity index).
Let us now turn to the variable homogeneous, measuring the extent to which refugees of the same district of origin tend to regroup in the host country (Lebanon). This variable is significant only in the equation for economic vulnerability for the last specification (II) (with district variables), where it is negative, while it does not explain food insecurity. Such a finding indicates that a higher proportion of refugees from the same Syrian district and living now in the same Lebanese district has a negative effect on economic welfare. Hence, to cope with economic vulnerability, the strategy of refugees consisting in living close to households of the same origin is not improving their economic status (although it does not modify the food insecurity status). A possible interpretation of such result is a negative one: it may well be the heterogeneity of households in terms of origin (in Syria) that is profitable to refugees, instead of a greater concentration of individuals coming from the same geographical area.
Consider now education level as a determinant of food insecurity and economic vulnerability. The reference for education level is the higher category, i.e., university degree, and all other binary variables for education are to be interpreted with respect to this maximum education level. Estimation results show that a higher educational level (university level being used as reference in both equations) tends to decrease economic vulnerability (equivalently, to increase economic welfare), and it also has a negative impact on food insecurity. This is expected, as a higher educational level may be associated with a greater ability to cope with changing conditions of access to food as well as less economic vulnerability in general. The possession of at least one cell phone, captured by variable Has_Cell_Phone, has a positive and significant effect on economic welfare in both specifications. This can be interpreted by the fact that such portable communication device is an essential means for accessing information on economic opportunities (e.g., informal work), leading to less economic vulnerability.
The possession of valuable assets in the equation for economic vulnerability is positive and significant (it was omitted from the food insecurity equation to achieve identification, as was variable Access_Phone). This can illustrate the fact that households with valuable assets, that can be sold on formal or informal markets or between neighbours, are less vulnerable, Undercoverage is percent of poor individuals that do not receive transfer
Leakage is percent of individuals that receive transfer and are not poor
The targeting differential is the difference between the coverage rate and the participation rate for non-poor Undercoverage is percent of poor individuals that do not receive transfer
The targeting differential is the difference between the coverage rate and the participation rate for non-poor such assets being used as more or less liquid savings. Consider finally demographic characteristics of the household, represented by proportions or shares of household members. The only significant demographic variables (although at the 10 or 5% level only) in the equation of percap_exp_quant are the proportion of household members between 51 and 70 (btw_51_and_70_share with a positive effect) and the proportion of disabled household members (disabled_share, with a negative effect). Household shares are not significant in the equation for food insecurity, indicating the recursive nature of such demographic variables, which affect food insecurity only through economic vulnerability.
Targeting effectiveness and accuracy
The purpose of this section is to examine the performance of our procedure for improving the targeting of poor and foodinsecure households. To do this, we need to evaluate the effectiveness and accuracy of policies using regional and district-level aggregates for targeting, compared with the actual policy of the World Food Program in Lebanon. Consider first the relationship between food insecurity and poverty at the household level. This link is conceptually clear, especially in an urban context where economic access to food (purchasing power) is the dominant factor in food security. Hence, a particular dimension of food insecurity (alongside limited availability, low stability and insufficient utilization, see Dilley and Boudreau 2001) can be defined as Bfood poverty^, that is, the status of a household regarding its access to food as a direct function of its purchasing power. Assuming a relationship with available income for access to food when defining food poverty, then it is expected that food poverty and overall poverty can be identified as different points on the same scale of income, and that people in need of food would be a smaller subset of those in overall poverty.
Let us first distinguish between individuals living either under or above some poverty line that identifies food poverty, and which can be defined by the Minimum Expenditure Basket (MEB) ,2 set at 114$ per person per month which includes the cost of food plus other needs. However, since we are measuring food security and not food poverty with our newly developed index, we expect to find some discrepancy between food insecure and poor households. And because we are using ordered values for economic vulnerability to represent quantiles of household expenditures, we can only approximate such value. In fact, the poverty line discussed above corresponds roughly to the 60% quantile of the dependent variable, so that we consider all households below such quantile in our sample as poor. Note that the 60% quantile in consumption expenditure over the whole sample is different in general from the value corresponding to 60% of a given household's consumption expenditure.
As for food insecurity, we consider the fourth gradient value of the variable fsgradient as the threshold delimiting food insecurity. To explore the robustness of our method, we also tested an alternative food insecurity threshold, by considering the third value fsgradient =3 instead of 4. Results regarding food insecurity were very similar in terms of targeting accuracy. Tables 5, 6 , 7 and 8 present the performance of the targeting policy using only ProGres or using district-level aggregates as well, regarding food insecurity and economic vulnerability. Such performance is measured by the effectiveness and the accuracy of the targeting policy in both cases, which account for coverage, under-coverage and leakage rates of each policy (actual, ProGres variables, ProGres and district-level variables). A convenient indicator to measure accuracy of the targeting policy is the benefits' incidence. It is the transfer amount received by a group (in this case, poor or food insecure households) as a proportion of total transfers received by the population. Although the WFP Vulnerability Score leads to the highest percentage of transfers going to poor versus non-poor households, both ProGres models have a higher Balanced Poverty Accuracy Criterion (BPAC), defined as Poverty In percent. P: poor; NP: non-poor; BPAC: Benefits' incidence is: (Sum of all transfers received by all individuals in the group)/(Sum of all transfers received by all individuals in the population). Aggregated transfer amounts are estimated using household size-weighted expansion factors Accuracy minus the absolute difference between undercoverage and leakage. The model with ProGres and districtlevel variables for economic vulnerability has the best performance in terms of having the highest coverage, lowest leakage, highest percentage of transfers to the poor and highest BPAC. The targeting effectiveness of the economic vulnerability models was much higher than for the food security models (the first model specification only includes variables collected during registration, while the second includes district level variables (geographic aggregates). The coverage rate of poor households reached 84.60% and 85.66% in the economic vulnerability model (see Table 6 ), compared with 52.38% and 55.81% in both model specifications of the food security model (see Table 5 ). Likewise, targeting accuracy was better in the economic vulnerability models, where the BPAC reached 75.03 and 75.75 compared with 51.38 and 54.68 in the food security model (see Tables 7 and 8 ).
Discussion
Using recent micro data from Syrian refugees in Lebanon, the paper investigated the empirical relationship between food insecurity and economic vulnerability at the household level. By estimating a system of structural equations for food insecurity and economic vulnerability, we showed how community-based variables such as population density and homogeneity of refugee households with respect to districts of origin and of arrival (residence) can improve the targeting effectiveness of aid programs, notably food aid. This is particularly important for increasing the performance of food aid policies when budgets are limited and/or decreasing.
A major result of interest to policy makers is that regional and community-based aggregates can be used to improve the targeting effectiveness of aid programs, e.g., food aid by the World Food Program dedicated to refugee population. Our results confirm that using such aggregates can augment the Balanced Poverty Accuracy Criterion, specially in our case, in terms of targeting effectiveness and accuracy for economically-vulnerable households.
With the cost of construction of aggregate indicators being in general less than individual-level data collection, a more accurate targeting of poor households may help attaining poverty alleviation objectives at a lower cost, when policy makers are faced with significant costs of poor households identification. As for poor and food-insecure households, being better targeted from the start allows them to benefit from a more efficient food aid system by, e.g., optimizing follow-up visits for in-depth monitoring.
By helping to reduce under-coverage and leakage of food and cash assistance programs, the empirical procedure considered in this paper can be used for policies based on in-kind as well as on cash transfers, because its purpose is to help identifying food-insecure and/or economically-vulnerable households, independently from the vector of aid.
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Appendix 1: Computation of the Food Insecurity Indicator
As part of the overall WFP vulnerability score, the food security sector score is constructed from three variables: food consumption score, food expenditure share and coping strategies index. The resulting score is converted into ordinal classes (categories) according to a formula developed by WFP VAM.
3 This score has been derived through an iterative process, and is based on several endogenous variables, which would be problematic in predictive models of food insecurity. We reviewed the VASyR dataset and considered all food security related variables in the dataset, to be used as potential food security outcomes (y) in a targeting formula.
The following indicators were considered, and were constructed according to standard WFP methods (World Food Program 2009):
-Food Consumption Score (FCS) -a measure of quality of food utilization at household level; widely used to establish prevalence of food insecurity -Child Diet Diversity Score -access to food quality by the most vulnerable -Coping Strategies Index (CSI) -a measure of household economic access to food, food quality and food quantity; used in targeting food assistance in various contexts -Reduced Coping Strategies Index (rCSI)-cross culturally validated measure of access to food -Food Expenditure Share -a measure of household economic access to food
It has been highlighted that reliance on a single measure which captures one dimension of food insecurity can misclassify the food insecure, and that combining indicators can improve the measurement of food insecurity (see Maxwell et al. 2013; Jones et al. 2013) .
FCS and dietary diversity tend to capture elements of diet quality and diversity, whereas CSI and rCSI reflect quantity or sufficiency. Of these, child dietary diversity was not further explored as this would have reduced the sample of the dataset to households with children under the age of 2 years only. The Coping Strategies Index (CSI) asks a series of questions about how households manage to cope with a shortfall in food for consumption and consists of a numerical score. It was not possible to construct the CSI according to standard methods as the VASyr 2015 posed the coping strategies questions in a way that does not allow the computation of the full index. The reduced Coping Strategies Index is a subset of the CSI that focuses on five food-related coping strategies and results in a cross-culturally validated tool to assess access to food. As the rCSI has been shown to reflect food insecurity as well as the full CSI, the rCSI was considered instead. Conceptually, we considered food expenditure as an economic determinant of food insecurity and therefore used it to validate the food security measure rather than as a component of the measure itself.
We therefore used FCS and rCSI as proxies of food quality and quantity, and used an empirical approach to derive cutoffs for relative vulnerability to food insecurity within this population, rather than international cut-offs developed for use in acute emergency settings.
Using FCS and rCSI as continuous variables, we derived both empirical and bootstrapped quantiles for each of the variables. As both of these approaches yielded similar results, we used the bootstrapped data in order not to impose restrictions on quantiles.
The simplest approach to combine the two variables was to cross classify these quantiles in the derivation of a food insecurity gradient, as has been done by others elsewhere (Maxwell et al. 2013) . This cross classification yields a gradient of vulnerability to food insecurity. Considering rCSI Q1 to be the quantile with lowest coping, and FCS Q1 to be that with highest food consumption score, cases falling in the top left cell in Table 9 therefore have the lowest vulnerability to food insecurity. Conversely, cases falling in the bottom right cell (rCSI Q5 and FCS Q5) have the highest vulnerability to food insecurity.
In order not to impose arbitrary cut-off lines in classifying vulnerability to food insecurity, we tested the food insecurity gradient against economic variables conceptualized as determinants of vulnerability to food insecurity; food expenditure, total expenditure, extreme poverty (below SMEB) & overall poverty (below MEB).
Assuming a food insecurity gradient across quantiles of rCSI and FCS, leads to 9 levels of vulnerability to food insecurity (along diagonals of Table 9 ). Table 10 displays average food and total monthly household expenditures (in USD), proportion of households categorized as poor and extreme poor by food insecurity gradient in the sample. Data show that, as the food insecurity gradient increases, mean monthly food expenditures and total expenditures decrease, while poverty, extreme poverty and percentage share of food expenditure increase. Based on an analysis of differences in mean monthly food and total expenditures across gradients, thresholds of vulnerability to food insecurity were derived. In brief, where there were significant differences in expenditures across gradients, a threshold line was drawn, yielding five categories of vulnerability to food insecurity. Table 11 displays the cross classification of the bootstrapped quantiles, with thresholds drawn between gradients 2 and 3, 3 and 4, 4 and 5, and 6 and 7. His primary research interests are in development economics and industrial organization, and his extended interests include public economics of health, education and labor policies, in addition to agricultural and environmental economics. His work focuses mostly on using tools in micro and applied economics to tackle public policy issues that affect the lives of the most vulnerable groups in society.
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